Abstract. Native mass spectra of large, polydisperse biomolecules with repeated subunits, such as lipoprotein Nanodiscs, can often be challenging to analyze by conventional methods. The presence of tens of closely spaced, overlapping peaks in these mass spectra can make charge state, total mass, or subunit mass determinations difficult to measure by traditional methods. Recently, we introduced a Fourier Transform-based algorithm that can be used to deconvolve highly congested mass spectra for polydisperse ion populations with repeated subunits and facilitate identification of the charge states, subunit mass, charge-state-specific, and total mass distributions present in the ion population. Here, we extend this method by investigating the advantages of using overtone peaks in the Fourier spectrum, particularly for mass spectra with low signal-to-noise and poor resolution. This method is illustrated for lipoprotein Nanodisc mass spectra acquired on three common platforms, including the first reported native mass spectrum of empty Blarge^Nanodiscs assembled with MSP1E3D1 and over 300 noncovalently associated lipids. It is shown that overtone peaks contain nearly identical stoichiometry and charge state information to fundamental peaks but can be significantly better resolved, resulting in more reliable reconstruction of charge-state-specific mass spectra and peak width characterization. We further demonstrate how these parameters can be used to improve results from Bayesian spectral fitting algorithms, such as UniDec.
Introduction N ative electrospray ionization mass spectrometry (ESI-MS) can be a powerful tool for investigating the stoichiometry of large, multi-subunit biomolecular assembly ions [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] . However, as polydispersity, size, and complexity of these biomolecular ions increase, accurate mass and charge determination can become very challenging, because salt or other cosolute adduction [21, 22] and a high density of mass spectral peaks [5, [23] [24] [25] [26] [27] [28] [29] [30] reduce practical resolution. Although separation methods such as chromatography and ion mobility separation can improve resolution of ion subpopulations differing sufficiently in chemical properties or shape [23, [31] [32] [33] [34] [35] [36] [37] [38] [39] , many types of analytes can still be difficult to separate with these methods, necessitating development of new methods for determining charge states and assembly stoichiometries. In addition to charge-stripping or -reducing approaches, which can increase peak spacing [33, 40] , fitting-based mass deconvolution algorithms have been shown to greatly facilitate charge state determination and mass analysis [24, [41] [42] [43] [44] . However, to obtain accurate results from these fitting algorithms, the user is typically required to input estimates for some initial parameters, such as mass and charge state ranges and widths of the mass spectral peaks, that are close to the true values. It can thus be highly advantageous to have accurate estimates of these parameters before implementing the algorithms in order to obtain reliable results. Alternatively, Fourier Transform-based deconvolution approaches require minimal data processing and parameter guessing [25, 45, 46] . For example, the recently introduced program iFAMS (interactive Fourier-Transform Analysis for Mass Spectrometry) requires only linear data interpolation and specification of the minimum allowed number of data points separating frequency-domain peaks [25] .
Here, we extend our previously-introduced FourierTransform-based method for characterizing polydisperse assembly ion mass spectra [25] , focusing on the use of information contained in higher harmonic peaks in the Fourier domain, including mass spectral peak shape information. We illustrate the use of higher harmonics in studying lipid-protein Nanodiscs, which are self-assembled discoidal non-covalent assemblies consisting of a phospholipid bilayer surrounded by two amphipathic helical membrane scaffold proteins (MSPs) [47] . Nanodiscs have been used in numerous biochemical applications to study isolated, embedded membrane proteins and protein complexes [47, 48] as well as in native IM-MS to study lipid binding to peripheral and transmembrane protein complexes [29, 49, 50] .
A common occurrence in native ESI-MS analysis of Nanodiscs and other large, polydisperse ions, is a relatively large baseline in the raw mass spectrum [1, 25, 26, 37, 51, 52] . This results from the overlap from the superposition of many closely-spaced peaks and can occur even for mass spectra acquired on high-resolution quadrupole-time-of-flight (QTOF) instruments [25, 26, 52] . In such cases, it can be difficult to intuit what part of the mass spectral signal constitutes the baseline and what part contains information that can be used to determine ion masses and charge states. Data preprocessing software for many commercial mass spectrometers, including some Orbitrap and Fourier Transform-Ion Cyclotron Resonance (FT-ICR) mass spectrometers, often performs baseline subtraction, apodization, or other signal processing that can alter peak shapes before data is displayed to the user [53] . After first discussing how Fourier Transform (FT) can be used to extract the information-rich portion of mass spectra for assembly ions, we show how analysis of harmonic peaks in the Fourier spectrum can be used to mitigate artifacts resulting from overlap or low signal-to-noise of peaks in the Fourier spectrum. Previously analyzed native Nanodisc mass spectra acquired on Orbitrap and FT-ICR mass spectrometers [1] are used as benchmarks. Advantages of this FT method are then illustrated for a mass spectrum of native-like Blarge^Nanodiscs containing over 300 lipids acquired on a QTOF mass spectrometer, which represents an extreme example of mass spectral congestion and is also the first reported mass spectral analysis of this type of Bempty^Nanodisc. Finally, we show how information learned from the higher harmonic Fourier analysis can be used to characterize mass spectral peak shapes as well as to determine values for input parameters to improve the quality of results obtained from a Bayesian deconvolution method, UniDec [24] .
Methods

Nanodisc preparation
Nanodiscs containing dimyristoylphosphatidylcholine (DMPC) or dipalmitoylphosphatidylcholine (DPPC) were prepared according to a method adapted from that of Sligar and coworkers [54] . Briefly, all lipids (Avanti Polar Lipids Inc., Alabaster, AL, USA) were prepared as 5 mg/mL solutions in chloroform, dried until opaque with dry nitrogen gas, and resuspended to a final concentration of 50 mM in a pH 7.4 aqueous buffer containing 100 mM sodium cholate (SigmaAldrich, St. Louis, MO, USA), 20 mM Tris (Bio-Rad, Hercules, CA, USA), 100 mM sodium chloride, and 0.5 mM ethylenediaminetetraacetic acid (EDTA). Membrane scaffold protein MSP1D1 or MSP1E3D1 (Sigma-Aldrich, St. Louis, MO, USA), for Bsmall^or Blarge^Nanodiscs, respectively, was reconstituted in pH 7.4 aqueous buffer (20 mM Tris, 100 mM sodium chloride, 0.5 mM EDTA, 0.01% sodium azide) to a concentration of ∼200 μM. Lipid suspensions were mixed with MSP1D1 solutions and additional buffer to a final concentration 50 μM in MSP1D1, 4.0 mM in DMPC, and 25 mM in cholate. MSP1E3D1 Nanodiscs were prepared in a similar fashion, differing only in the final lipid concentration, which was 9.0 mM for DPPC. The samples were incubated for 1 h at room temperature for DMPC (37°C for DPPC). Nanodisc selfassembly was initiated by 1000:1 (vol: vol) dialysis into the Tris buffer, and BioBeads SM-2 (Bio-Rad, Hercules, CA, USA) were added to the dialysis buffer after being previously rinsed and sonicated three times in methanol followed by three times in the reconstitution buffer. Nanodisc samples were removed from dialysis after 24 h and were purified by size exclusion chromatography. Fractions containing Nanodiscs were pooled together and concentrated to a final concentratioñ 10 μM in Nanodiscs. Concentration was determined by UV absorbance of the MSP1D1 or MSP1E3D1 protein, and divided by two (due to the presence of the two scaffold proteins) to obtain Nanodisc concentration.
Native Electrospray Ionization Mass Spectrometry
Native nanoelectrospray ionization (nESI) mass spectra were acquired on an Orbitrap-EMR (Thermo Scientific, Bremen, Germany), Synapt G2-Si Quadrupole Time-of-Flight (QTOF; Waters-MS Technologies, Manchester, UK), or SolariX 15-Tesla FT-ICR (Bruker Daltonics, Bremen, Germany) mass spectrometer. All instrumental parameters are described in greater detail in the Supplementary Material.
Computational Work
All FT-based analysis was performed using the Prell group's home-built program, iFAMS (interactive Fourier Analysis for Mass Spectra) v. 4.2. All mass spectra are symmetrized before FT is performed to yield real-valued Fourier spectra for ease of graphical presentation. Signal-to-noise is calculated as the maximum amplitude of a peak divided by the root-meansquare white noise at baseline in a neighborhood of the peak. Unless otherwise specified, all other data analysis was performed using Igor Pro v. 6.37 (WaveMetrics, Inc., Lake Oswego, OR, USA).
Theory
The principle of the Fourier Transform (FT)-based mass spectrum analysis method used here for deconvolving heterogeneous mass populations was previously described in detail [25, 45, 46] and therefore will only be briefly explained here. The key concept to the FT algorithm is that a distribution of mass spectral peaks for an individual charge state z of an analyte containing various numbers of a repeated subunit with mass m s can be described as a comb of equally-spaced peaks multiplied by a mass spectral envelope function. Mathematically the mass spectrum (s(m/z)) can be decomposed into three separate functions ( Figure 1A ): a comb function (c(m/z)) with spacing m s /z between adjacent delta functions, a peak shape function (p(m/z)) that is convolved with the comb function and describes the typical shape of the peaks in the comb, and an envelope function (e(m/z)) that describes the relative abundances of the peaks in the comb, i.e., the stoichiometry distribution. This relationship can be described symbolically in the following way:
where the symbols * and × represent convolution and multiplication, respectively. The FT of (1) is (hereafter referred to as the BFourier spectrum^):
where k = z/Δm is the frequency corresponding to peak spacing Δm/z the mass spectrum. For a given charge state, the peaks in S(k) each have the shape E(k), which is the FT of e(m/z), and the comb of peaks in S(k) decays as P(k), which is the FT of p(m/z). The FT of the entire mass spectrum, which may include several charge states, is the sum of the Fourier spectra corresponding to each charge state present. The fundamental peaks in the Fourier spectrum for each charge state are spaced by 1/m s , thus m s is found by computing the reciprocal of the fundamental peak spacing. The charge states present in the ion population are determined by multiplying the frequencies of the fundamental peaks in the Fourier spectrum by m s , and the stoichiometry distribution e(m/z) can be found for a particular charge state by inverse Fourier Transforming its corresponding fundamental peak in the Fourier spectrum. The relationship between these characteristics of the mass spectrum and its Fourier Transform is illustrated for one charge state series in Figure 1A . P(k), which describes the decay of the harmonic frequency peaks for a given charge state, is the FT of p(m/z), the average peak shape for the mass spectral peaks for that charge state. The inverse Fourier Transform of P(k) is therefore p(m/z), the width of which reflects the width of each peak in the comb associated with the chosen charge state.
Results and Discussion
In extremely congested mass spectra with poor resolution, a significant baseline is often observed that may have a complex shape. Beyond a constant or linear baseline subtraction, other forms of baseline fitting and subtraction are often used in mass spectral analysis software that can model curved baseline shapes. These algorithms include fitting a baseline to a polynomial [1] or smoothing a spliced sequence of step functions that measure local minima in the raw mass spectrum [42] , and data points with negative abundance values after baseline fitting and subtraction are often removed or set to zero abundance. These methods can be highly effective when adjacent peaks of interest are well-separated and the baseline originates primarily from chemical interferents, such as salt or small molecule clusters [41, 55] . In cases where many peaks of interest overlap strongly, a significant baseline, perhaps even larger in magnitude than the modulation depth of the spectrum, can arise due to the superposition of the tails of these peaks [26, 56, 57] . In such instances, it is not always easy to assess to what extent the above-described baseline subtraction methods distort the true peak shapes, centroids, or relative abundances of ions in the mass spectrum.
For example, Figure 2 shows a QTOF native mass spectrum of Blarge^-diameter (12.9 nm wide [58] ) Nanodiscs assembled using membrane scaffold protein MSP1E3D1 and DPPC lipids. This and other sizes of Nanodiscs are widely used in biochemical studies of isolated membrane protein complexes [47, 50, 59, 60] . A very large, curved baseline is observed that results from the overlap of many poorly-resolved peaks attributed to individual charge states and lipid stoichiometries. Poorly-resolved mass spectra of polydisperse native-like ion populations [27, 28] , such as this, motivate a careful analysis of the baseline and signal modulation to determine what portion of the mass spectral signal can be used to reconstruct ion mass, charge, and stoichiometry information, and how this can be done reliably. After establishing the self-consistency of an FTbased method for analyzing similar Nanodisc mass spectra acquired with significantly higher resolution and other instruments, results from this method for this lower-resolution mass spectrum in Figure 2 are presented below.
FT-Based Approaches for Baseline Characterization and Noise Filtering in Mass Spectra
Fourier filtering is a well-known procedure in signal processing and many spectroscopic techniques that can facilitate detection and characterization of periodic signals even in a noisy environment as well as removal of low-frequency baselines [61] [62] [63] . A raw signal is first Fourier transformed, signals at frequencies of interest are identified, and these signals are extracted using frequency windows before inverse Fourier transforming to yield the filtered signal in the original domain. Figure 1 illustrates a simulated mass spectrum for a population of assembly ions containing a range of subunit stoichiometries and charge states as well as the corresponding FT spectrum. Signal in the Fourier spectrum is observed near zero frequency and at several series of equally-spaced peaks corresponding to the fundamental and higher harmonics belonging to each charge state ( Figure 1C ). Because FT is a linear operation, the Fourier spectrum is a sum of each charge-state-specific signal in the Fourier domain. White noise and other non-periodic signals in the mass spectrum are spread out across all frequencies in the Fourier spectrum. While the spacing and shapes of the fundamental and harmonic peaks contain information about charge state, subunit mass, and stoichiometry distribution [25] , it is extremely challenging to extract this information from the frequency band around 0 in the Fourier spectrum because this band contains a superposition of signals from all of the charge states. This band is thus much less information-rich than the other peaks in the Fourier spectrum, and it is reasonable to define its inverse Fourier Transform (IFT) as the Blow-information signal^of the mass spectrum (see Figure 1D , red trace).
The remaining signal after subtracting the low-information signal in the mass spectrum thus contains the most useful information, and it typically takes on both positive and negative values that oscillate about zero (see Figure 1D ). It should be noted that this signal is generally not the same as the signal obtained by subtracting a low-order polynomial baseline or by using other common mass spectral domain baseline fitting approaches [24, 42] . Its FT corresponds to the entire Fourier spectrum outside the zero-frequency band. As shown for the simulated, noise-free mass spectrum in Figure 2 , for each charge state, the envelope of the IFT of each harmonic has identical shape but different scaling, and the low-information signal resembles the sum of these envelopes ( Figure 1D) . A similar decomposition of the experimental mass spectrum from Figure 2 , which contains white noise, is shown in Figure 1E -G.
Fourier filtering, which is available in iFAMS, has the potential advantage over simpler low-or high-pass filtering methods in that noise outside and between frequency bands of interest can be eliminated, and signal at several frequencies can be characterized simultaneously. As implemented in iFAMS, Fourier filtering is equivalent to removal of all signal and noise outside the zero-frequency band and Fourier domain peaks. Figure 3 shows the low-information signal and Fourierfiltered mass spectrum reconstructions for previously reported mass spectra of DMPC-MSP1D1 NDs ionized using nESI on an Orbitrap-EMR and 15 Tesla FT-ICR [1] , and for DPPC-MSP1E3D1 NDs acquired using a QTOF (same data as in Figure 2 ). The FT-ICR and Orbitrap mass spectra have nearly completely resolved peaks and very small low-information signals, whereas the QTOF mass spectrum exhibits a very large low-information signal, in agreement with visual intuition. The root-mean-square (RMS) random noise in the Fourier spectrum for the QTOF data is essentially constant as a function of frequency, whereas it decreases with increasing frequency (up to the Nyquist frequency) for the FT-ICR and Orbitrap data. These differences in mass spectral resolution and frequencydependence of the RMS random noise can be explained in part by noting that Orbitrap pre-processing software combines magnitude-and absorption-mode data to improve apparent mass spectral peak resolution [53] , and both the Orbitrap and FT-ICR data (which is analyzed here in magnitude mode) are apodized during pre-processing to remove ringing artifacts caused by a finite sampling period. The small depth of modulation for the Fourier-filtered QTOF mass spectrum ( Figure 3C , blue trace) as compared to the FT-baseline subtracted mass spectrum in Figure 1G (violet trace) is consistent with the relatively large random white noise and illustrates the utility of Fourier-filtering in removing this type of noise. A comparison of Fourier filtering with other common noise filtering techniques (Savitzky-Golay, moving-average, and median filters) is shown in the Supplementary material ( Supplementary  Fig. S1 ) and illustrates that Fourier filtering typically removes much more low-and high-frequency noise from the mass spectrum than do these other filters and has the additional advantage of leaving Fourier-domain peak amplitudes unaltered.
When multiple harmonics are resolved in the Fourier spectrum, there are in principle multiple pathways by which to determine the subunit mass, charge state distribution, and charge-state-specific mass spectra for this type of ion population, though different pathways may have unique advantages for real data exhibiting Fourier peak overlap or low signal-tonoise. In addition to the spacing and shape of individual peaks in the Fourier spectrum, the relative scaling of the harmonics contains information about the shape and width of peaks in the mass spectrum. Extraction of information from harmonic peaks is described below for Nanodisc mass spectra.
Consistency of Subunit Mass and Charge State Determinations Using Different Fourier-Domain Harmonic Peak Series
In our previous report, FT-based analysis of mass spectra with well-resolved fundamental peaks in the Fourier domain was illustrated [25] . In all three Fourier spectra shown in Figure 3 , the fundamental peaks overlap significantly, thus stoichiometry information obtained by directly inverse Fourier transforming the fundamental peaks may be unreliable, because overlap of signal from adjacent Fourier-domain peaks and use of frequency windows that are too narrow are potential sources of error in Fourier filtering. Supplementary Fig. S2 illustrates the relationship between Fourier-domain peak separation, IFT window width, and reconstructed mass spectral ringing artifacts (which are less than 5% of the maximum signal when Fourier-domain peak separation is at least~1.5 times the sum of adjacent peak widths). A potential solution to these problems is to use higher harmonic peaks rather than fundamental peaks to determine subunit stoichiometry distributions, because they are more widely spaced and less to prone to overlap, though it is important to note that higher harmonic peaks can have lower signalto-noise than their corresponding fundamentals. Thus, a tradeoff between overlap-induced artifacts and artifacts introduced by noise must be considered when performing this analysis. Figure 4 illustrates this approach, where charge-statespecific mass spectrum reconstructions for the fundamental, second, and third harmonics are shown for the baselineresolved Orbitrap mass data from Figure 3A . The fundamental peaks have extensive overlap, but charge states 15-23+ are still found using iFAMS, in agreement with previously published results using UniDec [1] . A subunit mass of 678.5 ± 3.6 Da is calculated using iFAMS, which is close to the known mass of DMPC (677.993 Da). These results are also consistent with the second harmonic series, which also indicate charge states 15-23+ and a more accurate and precise subunit mass of 678.2 ± 1.0 Da. Using the third harmonics, iFAMS calculates similar Figure 3 . Mass spectra (left) and corresponding Fourier spectra (right) for native-like DMPC-MSP1D1 Nanodiscs measured on (a) Orbitrap and (b) FT-ICR mass spectrometers, and (c) a DPPC-MSP1E3D1 Nanodisc mass spectrum measured on a QTOF mass spectrometer. Fourier-filtered mass spectra (blue overlays) are calculated using the first three harmonics, as well as the Fourier baseline (red) the corresponding to the zero-frequency band. Detailed peak structure illustrated in insets subunit mass (677.3 ± 0.8 Da) but only identifies charge states 16-21+, due to overlap of the higher charge states with the 4th harmonics. Thus, overlap of two different charge states from two different harmonic series can in certain cases represents a limitation in the higher harmonic analysis. These results are summarized in Table 1 .
While the charge states and subunit mass measurements are similar for the fundamental, second, and third harmonics, a notable difference can be seen in their reconstructed mass spectral envelope functions, particularly when using the fundamentals. The reconstructed charge-state-specific envelope functions using the fundamental peaks are visibly wider than those for the 2nd and 3rd harmonics, a result attributed to strong overlap of the fundamental peaks in the Fourier spectrum (Figure 4) . The higher harmonic peaks in the Fourier spectrum are more widely spaced and are better resolved, leading to narrower corresponding charge-state-specific envelope reconstructions (Figure 4) . The corresponding standard deviations in the number of lipids present (Table 1) are consistently lower than those found using the fundamental peaks, and lipid statistics are nearly identical when using the 2nd and 3rd harmonics for charge states 16-21+. Notably, all of these Fourier-domain peaks have signal-to-noise greater than 10:1 and inter-peak separation exceeding 1.5 times the sum of adjacent peak widths. Subunit statistics for Fourierdomain peaks that meet these two criteria are therefore likely to be accurate in general even for mass spectra for which only one set of harmonic peaks meets them, as is often the case in the other Nanodisc spectra presented here. Similar results for mass spectra exhibiting even greater overlap of the fundamental peaks are illustrated in Supplementary Fig. S3 Figure 5 shows results for the much more congested QTOF mass spectrum from Figure 2 , in which the mass spectral peaks are far from baseline-resolved. iFAMS analysis of the fundamental frequencies indicates charge states 18-24+ and average sub-unit mass of 732. ± 2. Da, which is within one standard deviation of the average mass of DPPC (733.562 Da). However, the 19 and 20+ fundamental peaks overlap strongly, so their corresponding charge-state-specific mass spectra cannot be reliably reconstructed from these peaks alone. By contrast, the second harmonic peak sequence is baseline-separated. The same range of charge states, 18-24+, is identified, and a more accurate and precise average sub-unit mass of 733.0 ± 0.8 Da is determined. The average number and standard deviation in the number of lipid subunits for these charge states determined using the fundamental and second harmonic peaks are very similar. Together with the results for DMPC-MSP1D1 Nanodisc ions described above, these results show that higher harmonic frequencies can often beneficial in determining charge states, subunit mass, and charge-state-specific mass spectra for polydisperse assembly ion populations. Similar results were obtained for the spectrum in Figure 3B and are shown in Supplementary  Fig. S4 .
In addition to signal overlap and artifacts introduced by using overly narrow Fourier frequency windows (see Fig. S2 ), artifacts in reconstructions of charge-state-specific envelope functions can occur if the white noise present in the Fourier spectrum obscures the true shape of higher harmonic peaks that have relatively low signal-to-noise. Averaging the shape of two or more reconstructed spectra from different harmonics belonging to the same charge state is a potential strategy for reducing artifacts of this type. BHarmonic-average^charge-state-specific mass spectra for the data from Figure 2 were reconstructed by directly averaging the IFT of the fundamental and higher harmonic peaks for each charge state ( Figure 5C ). The harmonic- averaged spectral envelopes widths are slightly wider than those for the second harmonics, but contain fewer periodic Bripples^in the tails of the spectra due to averaging with the data from the fundamentals. A Bzero-charge^mass spectrum for the entire ion population was also calculated from these harmonic-averaged mass spectra ( Figure 5D ) to illustrate the mass distribution for the entire ion population. (Zero-charge spectra for the Orbitrap and FT-ICR spectrum in Figures 3A, B can be found in Supplementary Figs. S5 and S6.) The average ion mass found by this method is~290 kDa, which, assuming two scaffold proteins are present per ion, means that the DPPC-MSP1E3D1 Nanodiscs in the ion population represented in Figure 2 have an average of 306 lipids. Using this number, an average condensed-phased area per lipid head group in the Nanodisc of~60 A 2 can also be estimated, assuming that each leaflet has a diameter of 2 nm smaller than the diameter of the assembly [58] . This result agrees well with previous computational simulations of model DPPC bilayers [64] .
Characterizing Peak Width and Unresolved Adductions in the Mass Spectrum and Fourier Domain
When baseline-resolved mass spectral peaks can be attributed to only one charge state, peak broadening caused by unresolved adductions (such as solvent molecules and small cosolute ions) for each peak can in principle be determined from the width of Figure 5 . Mass spectrum of DPPC-MSP1E3D1 Nanodiscs acquired on a QTOF mass spectrometer (left) and corresponding Fourier spectrum (right) for (a) fundamentals and (b) second harmonics. IFT of the charge-state specific peaks in Fourier spectra (insets) are shown as overlaid envelope functions of the same color in mass spectra. Faint color surrounding envelope functions represents uncertainty of envelope functions calculated from average noise amplitude in the Fourier domain. (c) Harmonic-averaged reconstruction of envelope functions. (d) Zero-charge spectrum (black), calculated from harmonic-averaged spectra for all charge states the peaks in the mass spectrum and (separately-measured) instrumental resolving power. If peaks from more than one charge state overlap or there is a large baseline, peak width determination directly from the mass spectrum can be more challenging. Statistics for the average peak shape for each charge state instead can be determined from analysis of the higher harmonic peaks in the Fourier spectrum, which have amplitudes that decay as the FT of the average mass spectral peak shape for the corresponding charge state (P(k); see Figure 1A ). Then, p(m/z) for each charge state is simply the IFT of P(k). However, for a typical ESI mass spectrum with multiple overlap charge states, it is typically infeasible to determine this zero-frequency contribution for individual charge states, but it may be reasonable to assume that the zero-frequency amplitude has a fixed relationship to the amplitudes of all the other harmonic peaks. For example, if p(m/z) is Gaussian in shape, as in the simulated spectrum in Supplementary Figs. S7A and S7B, its Fourier Transform, P(k), is also a Gaussian, and the FWHM of P(k) is inversely proportional to that of p(m/z). The FWHM of p(m/z) can then be determined from P(k) without knowing its amplitude at zero frequency, provided enough harmonics have sufficient signal-to-noise to confidently fit P(k) to a Gaussian.
The baseline-resolved Orbitrap mass spectrum in Figure 4A has roughly Gaussian peaks and is in this respect similar to the modeled spectrum in Supplementary Fig. S7B . Average peakwidth statistics for each charge state can thus be readily estimated from reconstruction of P(k). This is shown in Figure 6A for charge states 17, 18, and 19+ using the second, third, and fourth harmonics (the fundamentals, as well as fifth and higher order harmonics, could not be used due to overlap). Using these parameters, fitting a Gaussian to the higher harmonics results in a reconstructed average FWHM, in m/z, of 8.1 ± 0.1, 7.9 ± 0.1, and 7.5 ± 0.1 for the 17, 18, and 19+ charge states respectively (see Table 2 ). Note that these and all peak width uncertainties reported below reflect fitting to a forced Gaussian shape and do not include uncertainty reflecting exact, i.e., nonGaussian, peak shapes. These peak width values are close to forced-Gaussian FWHM measurements determined directly from the mass spectrum (7.8 ± 0.6, 6.4 ± 0.6, and 6.3 ± 0.6 for charge states 17, 18, and 19+), with the small discrepancies likely arising from the slightly asymmetric shape of the mass spectral peaks. This result is consistent with a small degree of salt adduction and the slight deviation of the data from the Gaussian fits shown in Figure 6A .
A similar analysis was performed for the poorly resolved QTOF spectrum from Figure 2 assuming Gaussian shape peaks ( Figure 6B and Table 2 ). The FWHM, in m/z, for charge states 20, 21, and 22+ are found to be 13.7 ± 0.2, 12.2 ± 0.1, and 13.6 ± 1.0, respectively. This is within error of values found by measuring the most abundant peak in each charge state after an initial smoothing and baseline subtraction (13. ± 1., 12. ± 1., and 13. ±1., respectively). Notably, both the directly measured and FT-reconstructed peak FWHM are less than half the interpeak spacing for each charge state (~17-18, in m/z, for these ions).
Potential errors in peak-width determination can occur when using this method if the mass spectral peak shapes are Figure 6 . Mass spectra (left) and corresponding Fourier spectra (right) of (a) DMPC-MSP1D1 Nanodiscs acquired using an Orbitrap mass spectrometer and (b) DPPC-MSP1E3D1 Nanodiscs acquired using a QTOF mass spectrometer. Charge-state-specific mass spectral envelope functions (left), and Gaussian frequency decay functions (P(k), right) are shown with same color very poorly resolved or highly non-Gaussian, especially if a large baseline is subtracted before peak shape analysis. The extent of these potential errors was investigated using model spectra with peak FWHM ranging from 115 to 180% of the inter-peak spacing for each charge state. For example, Supplementary Fig. 7A shows a mass spectrum in which the peak FWHM is 115% of the inter-peak spacing. The FT approach described above yields a FWHM, in m/z, of 6.5, whereas direct measurement of the FWHM in the mass spectrum after baseline subtraction is~5.1, slightly smaller than the true value (5.9). When the true FWHM are increased, the resulting mass spectra have even larger baselines. If these curved (i.e., polynomial-fitted, not FT) baselines are subtracted, the resulting spectrum is ostensibly baseline-resolved, and directly measuring the FWHM of the peaks leads to nearly identical measurements for the FWHM (5.3, 5.4, and 5.6, respectively), increasingly far from the correct values (7.1, 8.2, and 9.4), but all very similar to half the inter-peak spacing (5.1). This error trend arises from the fact that the signal modulation with respect to the low-information signal in the mass spectrum asymptotically approaches a simple Gaussian-windowed sinusoid at the fundamental frequency as the width of the individual peaks increases. In sharp contrast, Fourier transforming the model mass spectra, with or without subtracting the curved baseline, results in much more accurate FWHM measurements because the shape of P(k) is easily measured in the Fourier spectra. These results illustrate the robustness of this method and indicate one should exercise caution in interpreting mass spectra after curved baseline subtraction, especially as relates to peak width and resolution, if peak widths are similar to or larger than inter-peak spacing. Peak width analysis can be even more challenging in the case that the mass spectral peak shape is far from Gaussian (see Supplementary Material, especially Fig. S7C and S7D ).
Use of Parameters Determined from FT Algorithm to Improve Results of Bayesian Mass Spectral Fitting
Polydisperse mass populations with repeated subunits from native mass spectra, such as the Nanodisc mass spectra investigated here, can in many cases be deconvolved using other strategies besides Fourier Transform, such as Bayesian fitting, the approach implemented in UniDec/MetaUniDec [1, 24, 65, Figure 7 . Deconvolved QTOF mass spectra vs. charge (left), mass vs. charge (center), and zero-charge mass spectra (right) of DPPC-MSP1E3D1 Nanodiscs determined using UniDec. Mass spectral data are the same as in Figure 2. (a), (b) , and (c) result from using Bnaïve^input parameters for subunit mass, charge state range, peak width, and total mass range, whereas (d), (e), and (f) result from using values obtained from the FT-based method (see text). Smooth black trace in (c) and (f) represents zero-charge mass spectrum reconstructed using FT approach (see Figure 5D ) [55] . These fitting algorithms typically require the user to input some initial parameters, such as charge state, peak width, and mass estimates, and a modeled data set based on those parameters is iteratively fit to the experimental data set until convergence is achieved. (The MaxEnt algorithm further assumes that the stoichiometry distribution for each charge state is identical, which may not be the case for some polydisperse ion populations, such as the Nanodiscs investigated here; see Table 1 .) When using these fitting algorithms, choosing the right initial parameters can therefore be highly advantageous for extracting accurate information, especially when the mass spectra have low signal-to-noise or the goodness-of-fit function used in the algorithm contains multiple local extrema. These effects are illustrated for simulated DPPC-MSP1E3D1 Nanodisc mass spectra in Supplementary Fig. S8 with signalto-white-noise ratio 20:1 and a realistic increase in average lipid content of 10 lipids per charge state. Despite the low signal-to-noise ratio, nearly perfect reconstruction of the exact zero-charge mass spectrum is achieved using the FT approach alone, and dramatic improvement of reconstructions using UniDec is observed when the charge state range is limited using output from iFAMS and a Fourier-filtered mass spectrum is used as input. Shown in Figure 7 are two deconvolutions for the experimental DPPC-MSP1E3D1 Nanodisc mass spectrum from Figure 2 using UniDec's Bayesian deconvolution algorithm. The initial parameters for both analyses were chosen as follows: a charge state range of 15-27+ and a mass range for the entire complex of 250-350 kDa. These values were chosen to simulate a typical scenario in native MS in which the approximate charge state and mass range of a population of assembly ions can be estimated, but the repeated sub-unit mass is unknown. Figure 7A , B, and C show results from using the Bayesian algorithm with no initial guess for the lipid mass and an initial peak FWHM, in m/z, of 8.9, which is obtained from the mass spectrum using the peak width tool in UniDec after performing an initial baseline subtraction. Overall, the results are similar, but not identical, to those from the FT-based approach (see Figure 4 and Table 1 ), though a number of high-intensity orphan peaks, presumably artifacts, are found in the zerocharge mass spectrum with these input parameters at masses below 270 kDa and above 300 kDa. Figure 7D , E, and F show results from UniDec for the same mass spectrum, but using input mass spectra and parameters determined from the different FT-based approaches described above: the Fourier-filtered spectrum as the input spectrum, a subunit mass of 733 Da determined using iFAMS and a peak FWHM of 13 determined from P(k). With these input parameters, the spurious peaks in the zero-charge mass spectrum are nearly eliminated and charge states and mass estimates for the ion population agree much more closely with results obtained using the FT analysis above. The zero-charge mass spectrum reconstructed with UniDec is somewhat narrower than the one reconstructed using the FT approach, consistent with the non-overlapping charge-state-specific mass spectra reconstructed in UniDec ( Figure 7D ). This demonstrates that information obtained from the Fourier analysis can be used as input parameters in Bayesian fitting algorithms to improve the quality of the results. Similar results were found for UniDec processing of the Orbitrap and FT-ICR spectra, as shown in Supplementary Figs. S9 and S10.
Conclusions
As the composition and structure of larger and more heterogeneous assembly ions probed with mass spectrometry continue to increase in complexity, analysis of their mass spectra demands more powerful approaches for assigning charge state, mass, and stoichiometry. Developing instruments with increased resolving power is one potential strategy, but access to these higher resolution instruments may not always be available for some laboratories, and it may be desirable to perform tandem experiments, such as ion mobility spectrometry and surface-induced dissociation, that are not widely available in high-resolution instruments. Furthermore, resolution limitations associated with current instruments will inevitably arise again for future instruments as the size and complexity of ions continues to increase, even with the advantages of charge-stripping or -reduction techniques [33, 40] . The results presented here illustrate how the Fourier Transform-based analysis strategy can allow one to work within current instrumental limitations when studying assembly ions with repeated subunits. Both experimental and computational results indicate that reliable and self-consistent charge state, subunit mass, and subunit stoichiometry determinations can be made using this strategy, especially if Fourier-domain peaks are well resolved (with inter-peak spacing at least~1.5 times the sum of adjacent peak widths) and have signal-to-noise of at least 10:1. This deconvolution method can be used alone or in combination with Bayesian deconvolution techniques, for which it can provide input parameter values, such as charge state range, subunit mass, mass range and mass spectral peak width, to improve results. Furthermore, information learned through FT-based analysis can help avoid potential errors in analyses associated with mass spectral domain deconvolution algorithms, including error attributed to curved baseline subtraction or parameter estimation. The general principles discussed here are valid for many other types of assembly ions with repeated subunits, including biomolecular assemblies, polymers, and inorganic cluster ions, due to the analogous form of their nESI mass spectra. An updated version of iFAMS, used here to analyze mass spectra with the FT approach, is freely available to the public as an open-source Python program available for download at https://github.com/seanpatcleary/iFAMS. 
